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ABSTRACT
An accurate estimation of human exposure to ambient air pollution is crucial for air
pollution health studies. Time-activity patterns may introduce substantial uncertainties in
exposure estimation. As smartphones are becoming increasingly popular and their ownership
is becoming ubiquitous in the US. Virtually all smartphones can collect location data, and such
data is continuously somewhere. Therefore, it is clear that such stored location data has the
potential to be used for characterizing an individual’s time-activity patterns for air pollution
health studies. However, studies on the accuracy and feasibility of using a smartphone’s
location data in air pollution exposure estimation are still limited. Here, a pilot study was
conducted to evaluate the accuracy of the iPhone’s Significant Location (iSL) data, in capturing
an individual’s time-activity patterns. Specifically, iSL data collected from a single individual
were compared with reference GPS data to evaluate the ability of iSL in capturing: 1) all
microenvironments the subject visited during the study period; 2) the duration and frequency
the subject spent in each microenvironment, if the location is labelled as significant and
captured by iSL; and 3) the impact of neglecting time-activity pattern on the subject’s air
pollution exposure estimates. The results showed a favorable performance of the iSL data,
which accurately captured the time the subject spent in 16 microenvironments encompassing
93% of all time during the study period. To further understand the availability of iSL data, an
online survey was conducted among 349 participants. Among the surveyed users, 72% have
iSL data available which highlighted the potential substantial coverage of iSL data. With the
popularity of iPhone, detailed significant location data could be available for a considerable
portion of the population, and such iSL data may have great potentials for improving
retrospective air pollution exposure estimation.
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CHAPTER ONE: INTRODUCTION
Ambient air pollution is gaining worldwide attentions due to its extensive impacts on
personal physiology and psychology (Apte, Brauer, Cohen, Ezzati, & Pope, 2018; Chen, Song,
Kwan, Huang, & Xu, 2018; Comunian, Dongo, Milani, & Palestini, 2020; Korn & Whittemore,
1979; Zhang, Chen, & Zhang, 2018). The relationship between air pollution exposure and
adverse human health impacts has been extensively documented (Apte et al., 2018; Blanchard,
Deguen, Kihal-Talantikite, François, & Zmirou-Navier, 2018; Comunian et al., 2020; Dhondt
et al., 2012; WHO, 2021; Zhang et al., 2018). The World Health Organization attributes air
pollution exposure as the second leading cause of noncommunicable diseases. An estimated 4
million people across the world die annually due to complications relating to adverse air quality
(WHO, 2021). It is further estimated that 99 percent of human population is exposed to
unhealthy levels of air pollutants according to the WHO(WHO, 2021). These pollutants
manifest in a wide range of adverse health outcomes (Brauer et al., 2012; Goudarzi et al., 2012;
Kilian & Kitazawa, 2018; Newbury et al., 2019; Ole et al., 2001; Sand, von Rosen, Victorin,
& Falk Filipsson, 2006).
Exposure to poor air quality is a major contributing factor to non-communicable
diseases(Organization; WHO, 2021). This exposure is associated with a wide range of chronic
and acute health effects. These health effects, regardless of age, include circulatory and
respiratory diseases (Lee et al., 2017; Spira-Cohen, Chen, Kendall, Lall, & Thurston, 2011;
Suh & Zanobetti, 2010; Tanwar, Adelstein, & Wold, 2020), cancer (Gönenç, Özkan, Torun, &
Şimşek, 2001; Lee et al., 2017; Lodovici & Bigagli, 2011; Vineis & Husgafvel-Pursiainen,
2005), Chronic Obstructive Pulmonary Disease (COPD) (Suh & Zanobetti, 2010; Tanwar et
al., 2020), and asthma (Kistnasamy et al., 2008; Korn & Whittemore, 1979; Lee et al., 2017;
Spira-Cohen et al., 2011), among others (Blanchard et al., 2018; Di et al., 2017; Kilian &
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Kitazawa, 2018; Padhi & Padhy, 2008; Rajagopalan & Brook, 2012; Zhang et al., 2018). Air
pollution is broadly defined as the presence of airborne substances or pollutants that are
harmful to human health, property, or ecosystems that would negatively impact the life or use
of a property (Comunian et al., 2020; Newbury et al., 2019; Rajagopalan & Brook, 2012;
Watson AY, 1988). These contaminants can include particulate matter and numerous Criteria
Air Pollutants (CAPs) such as ozone, carbon monoxide, sulfur dioxide, and nitrogen species.
In the United States alone, over 200,000 pre-mature deaths each year are caused by these
harmful air pollutants (Thakrar et al., 2020).
The effects of air pollutants in the human body are not limited to physiological
outcomes. Results from recent studies suggest air pollution exposure are associated with
increased risk of dementia, autism, and other psychologic disorders including slow maturation
and hippocampus function (Du, Kong, Ge, Zhang, & Fu, 2010; Zhang et al., 2018). Zhang and
Newberry studies have documented the psychological impacts of air pollutants decreasing
cognitive function during increased exposure (Newbury et al., 2019; Zhang et al., 2018).
Studies have also indicated environmental conditions causing damage to neural cells regardless
of developmental age, socioeconomic status, or family history (Blanchard et al., 2018; Kilian
& Kitazawa, 2018; Newbury et al., 2019; Vineis & Husgafvel-Pursiainen, 2005; Zhang et al.,
2018).
Numerous studies have indicated that there are several population subgroups that are
potentially at an elevated risk to air pollution exposure. Vulnerable populations include elderly,
children, and individuals with certain underline conditions such as asthma, COPD, and
immunocompromised patients or a combination (Dionisio et al., 2012; Newbury et al., 2019;
Sand et al., 2006; Tanwar et al., 2020; Van Roosbroeck et al., 2007; Z. Zhou et al., 2011).
Additionally, although socioeconomic status and ethnicity are by no means indicators, the
2

socioeconomically disadvantaged, and certain ethnicity population subgroups are overall more
disproportionately exposed to air pollution due partially to their generally proximity to major
emission sources (Akhavan et al., 2019; Arku et al., 2015; Dionisio et al., 2010).
Recognizing the substantial impact of ambient air pollution on the welfare of human
populations, the judicious articulation of exposure is prudent. For the purposes of this paper,
exposure is defined as the physical contact between air pollutants (particles and/or gases) and
an individual. The frequency, concentration and duration will determine whether the exposure
is acute or chronic. Understanding the full extent of exposure will help to quantify the etiology
of many noncommunicable diseases that may be associated with air pollution. Furthermore,
quantifying exposure will help to discover potential associations between pollutants and health
outcomes. Air pollution exposure is regarded as an environmental risk factor and thus is subject
to regulatory actions. Understanding the extent of personal risk is paramount for determining
dose-response relationships, and hence for setting acceptable levels (Guo et al., 2020; Smith et
al., 2016; Yu et al., 2020).
Despite the acknowledgement of the importance of understanding the relationship
between air pollution and personal health, accurately estimating exposure to ambient air
pollution remains a challenging task. This is partially due to human time-activity pattern, the
spatial and temporal of human individuals. Historically, researchers perform exposure
estimation based on a subject’s residence, the location participants likely spent much of their
time (Arku et al., 2015; Beckx et al., 2009; Dons et al., 2011). Although this method provides
a reasonable understanding of exposure, it fails to account for time at work or other significant
locations to the participant. These alternate locations often have drastically different ambient
environments, pollution concentrations, and can encompass a significant amount of time. As a
result, resident-based studies fail to account for the dynamic interactive nature of humans and
3

air pollution, and consequently a substantial portion of an individual’s exposure can be
inaccurately estimated (Beckx et al., 2009; Dons et al., 2011). The generalization of exposure
through residence-based studies often negate pertinent locations where high levels of exposure
can happen (Beckx et al., 2009; Steinle, Reis, & Sabel, 2013). For example, the alternate
locations of work or school can account for a third of our day assuming a standard 8-hour
workday.
Time-activity patterns are the spatiotemporal movements of individuals (Dons et al.,
2011). It is only by fully accounting for an individual’s time activity patterns (geospatial) will
a more representative picture of exposure emerge. By co-locating pollutant and participant, the
most accurate estimation of exposure can be assessed. However, fully accounting for such
geospatial patterns can be cost prohibitive and time consuming particularly for a large sample
population, since the concentration of pollutants and the animated movement of humans are all
dynamic.
Many methods have been adopted in the past to characterize individual time-activity
patterns. Residence-based studies can be used to provide exposure estimates for large groups
of people and neglecting time-activity patterns would certainly introduce uncertainty in the
estimates (T. Kim, Lee, Yang, & Yu, 2012). This oversight eliminates areas of high exposure
that may have occurred at other locations and may potentially bias subsequently statistical
analysis (Beckx et al., 2009). Personal measurement, the simultaneous movement tracking and
personal measurements of air pollutant concentrations can be achieved at individual level
(Borgini et al., 2011; Demokritou, Kavouras, Ferguson, & Koutrakis, 2001). This is easily one
of the more accurate ways to assess exposure, but costs are quick to accumulate and feasibility
on the large scale is not attainable (Demokritou et al., 2001). Many past studies collect
individual time-activity data using recorded activity logs, diary, or interview-based methods.
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These logs allow for the integration of locations with estimated pollution concentration at
microenvironments, but human error and underreporting was a significant issue (Buonanno,
Stabile, & Morawska, 2014; Klepeis et al., 2001; A. Prelipcean, Gidófalvi, & Susilo, 2018; A.
C. Prelipcean, Susilo, & Gidófalvi, 2018). As technology continues to advance, the idea of
utilizing a dedicated GPS tracking device to cross reference geo-specific durations and
locations with modeled pollution concentration has grown in popularity (Abdi, Mariv, Deljouei,
& Sohrabi, 2014; Bohte & Maat, 2009; Nethery, Mallach, Rainham, Goldberg, & Wheeler,
2014; Wolf, 2000; Wu et al., 2013). As mobile phones are now ubiquitous with society the bevy
of available pertinent information could be tapped (T. Kim et al., 2012; Merry & Bettinger,
2019; Nitsche, Widhalm, Breuss, Brändle, & Maurer, 2014; Ruktanonchai, Ruktanonchai,
Floyd, & Tatem, 2018). All cell phones have call detail record (CDR) that provides location of
a nearby tower that can be used to approximate the location of an individual. Smartphone apps
could use Wi-Fi, Bluetooth, or other methods to collect location data (Demirbas, Rudra, Rudra,
& Bayir, 2009; Donaire-Gonzalez et al., 2016; Nitsche et al., 2014; Ruktanonchai et al., 2018;
Yu et al., 2020; Zhao et al., 2016). Google maps location history (GMLH) and iPhone’s
significant location (iSL) are two examples, both record location data from the smartphone.
The iPhone is one of the most popular smartphone brands, occupying 52% of the
smartphone market in the US as of May 2021 (Center, 2021). When enabled, iOS will record
the times and durations of the locations where a user visited and store these data on iPhone as
“Significant Locations” (Apple, 2021). Although an accurate account of a person’s
whereabouts 100% of the time is challenging, studies suggest people tend to move in
predictable paths toward predetermined places 93% of the time (Song, Qu, Blumm, & Barabási,
2010). For this reason, selected significant locations can be used to generalize the participants
movements making characterizing individual time-activity pattern less complicated.
5

Due to the widespread distribution of smartphone carrying individuals and the bevy of
information already being collected and stored, it would be prudent to assess the potential of
such location data in accurately characterizing an individual’s spatiotemporal movement
(Deville et al., 2014). However, related studies have been extremely scarce, particularly on
iPhone Significant Location (iSL) data. Significant locations are momentarily collected and
stored on the device along with the duration and frequency of the visit allowing for manual
retrieval. These significant locations can be characterized as microenvironments and can be
assessed to provide a more comprehensive and complete characterization of an individual’s
ambient exposure. A microenvironment is the immediate and small-scale environment that an
individual would interact in. In this sense the culmination of significant locations, where an
individual would spend the majority of their time activity patterns, would account for the
summation of their microenvironments.
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CHAPTER TWO: LITERATURE REVIEW
Air pollution is regarded as an environmental health hazard (Apte et al., 2018; Beckx
et al., 2009; Chen et al., 2018; Evangelopoulos et al., 2020). The WHO estimates 99% of the
population is breathing air contaminated with unhealthy levels of pollutants (WHO, 2021). It
is a growing global concern because of the contribution to noncommunicable diseases (Thakrar
et al., 2020; WHO, 2021). Adverse air pollution impacts are associated with acute and chronic
exposure. Literature supports the both acute (Korn & Whittemore, 1979) and
chronic(Rajagopalan & Brook, 2012) exposures detrimental effects physically (de Nazelle et
al., 2013) and psychologically (Lipfert, Wyzga, Baty, & Miller, 2006). As more non
communicable diseases are linked to poor air quality, countries are investing more in increasing
the quality of air (Organization).
Air pollution exposure and health studies examine the fundamental relationship
between a pollutant and a health effect (Sand et al., 2006; Steinle et al., 2013; Su, Jerrett, Meng,
Pickett, & Ritz, 2015). In these studies, exposure is defined as the contact with a pollutant
(Perchoux, Chaix, Cummins, & Kestens, 2013; Rajagopalan & Brook, 2012; Sand et al., 2006).
This definition is broad and problematic as two things are necessary to determine the critical
dose, concentration and duration (Beckx et al., 2009; Sand et al., 2006; Suh & Zanobetti, 2010).
Humans move fluidly through a dynamic atmosphere where concentrations of air pollutants
can change drastically both in time and space thus changing the concentration and duration
geospatially and creates individualized exposure sequences as unique as a fingerprint (Beckx
et al., 2009; Blanchard et al., 2018; Buonanno et al., 2014; Dias & Tchepel, 2018;
Evangelopoulos et al., 2020; Guo et al., 2020; Tayarani & Rowangould, 2020). This mobility
causes a fundamental issue with epidemiological studies and therefore rely heavily on
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estimations to describe the average ambient air quality (Beckx et al., 2009; Brauer et al., 2012;
Demirbas et al., 2009; Deville et al., 2014).
As all studies indicate exposure as the impetus in epidemiological studies, it is therefore
advisable to quantify exposure. For this purpose, accounting for the concentration of pollutant
as well as the dynamic nature of human spatial movement is important. Through technology
advancements, such as implementing a low-cost sensor network coupled with computational
modeling can reasonably capture dynamic spatial variations in air quality. Human mobility
remains more challenging to predict. As a result, many studies have attempted to incorporate
human mobility into their studies to reduce biases.
Gaining access to personal spatiotemporal data is vital in accurate estimation of air
pollution exposure. In this chapter, the most common methods of characterizing human
mobility will be discussed. The methods include interviews, travel diaries, dedicated GPS
trackers, and cell phone location data. Personal measurement is also included in the discussion
as it’s considered the “Golden Standard” in characterizing the impact of human mobility on
pollution exposures. The advantages and disadvantages will be discussed from the point of the
researcher and the participants.

2.1 Personal Measurement
Personal measurement is considered the most accurate way to assess exposure and
illustrate how time-activity patterns impact exposure. This method of exposure monitoring uses
a device designed to record a person’s location as well as record the pollutant concentration in
situ, multiple pollutants would need multiple sensors. As the samples from the sensors are
carried out throughout of a set time frame an indication of the person’s exposure is developed
(Beckx et al., 2009; Buonanno et al., 2014; Steinle et al., 2013). This exposure is indicative of
8

the air quality among the microenvironments this person has been exposed to (Ole et al., 2001;
Steinle et al., 2013). Personal measurement devices help to create a picture of a participant’s
individualized exposure risk (Borgini et al., 2011; Buonanno et al., 2014; Evangelopoulos et
al., 2020). They can also be helpful in identifying any key pollutant, concentration and duration
of exposure, and locations where high-exposure may occur (Dons et al., 2011; Steinle et al.,
2013).
An example personal measurement study is Dons et al, 2011. In this study, 16
participants carried a portable aethalometer (microAeth AE51), and a PDA with GPS-logger
enabled for a period of 7 days. The 16 participants consisted of 8 couples, who lives together
and with one full-time worker and one homemaker (Dons et al., 2011). Such sample selection
enables straightforward quantification of the impact of individual movement on their air
pollution exposures. Up to 30% differences were observed between couples with regard to their
exposure to black carbon (BC) (Dons et al., 2011). This sample configuration has also been
used in other studies including Buonanno et al study and Hussein et al study in Finland where
it is found that individual characteristics and demographics play a significant role in personal
exposure (Buonanno et al., 2014).
There are many benefits to using a personal measurement device. Devices are available
to monitor a single pollutant or multiple pollutants, some are even capable of providing data in
near real-time(Buonanno et al., 2014). Personal measurement is the most straight forward
approach to creating a comprehensive understanding of individualized ambient air quality.
These devices have an advantage over all other methods in that they can assess exposure
directly, which allows each participant to have quantitative data for each micro location
culminated directly from the sampling device (Steinle et al., 2013). With an appropriate
sampling device, the participants will also be able to assess their personal exposure among
9

different microenvironments, and specific tasks, i.e. when an individual is cooking with natural
gas or smoking (Buonanno et al., 2014; Steinle et al., 2013).
On the other hand, there are many drawbacks to personal monitoring. Measurement
devices can be as simple or complex as necessary for the purposes needed. As the complexity
increases, so does the weight and price. Does the device need a battery to charge a pump to
move air over the sensor opening? Does the device need several sensors run in parallel in case
one fails? How many pollutants are being monitored? How many sensors for each pollutant?
What is the capacity of the battery? Will the battery need recharging? All questions have
answers that significantly impacts the price tag and size of the device. Size and weight of a
personal monitoring device could impact the mobility of the individual in the study creating an
unnecessary bias.

2.2 Diary Based Travel Log
Travel diaries are a useful way of gaining information on the daily time activity patterns
integral in obtaining accurate exposure estimations(Korn & Whittemore, 1979; A. C.
Prelipcean et al., 2018; Watson AY, 1988). A travel diary is a collection of information that
would include identifying location and duration of all the places a person has been (A. C.
Prelipcean et al., 2018). This method requires individuals to record, start and stop travel time
and location in a standard log then relay information to the researchers (A. C. Prelipcean et al.,
2018). The diary itself can be as complex or simple as the researcher needs. They are designed
to collect information the researchers deem important. Time, duration, location, mode of
transportation, weather, etc. can all be important depending on the type of research being done
(A. C. Prelipcean et al., 2018). It is important to note as we progress in the age of technology,
how a participant will respond will be an integral part of the collection (Steinle et al., 2013).
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Distribution of the diary, how and when a participant will fill in the diary are important
questions to answer (A. C. Prelipcean et al., 2018).
As a travel log is participant heavy, the burden of responsibility is placed on the
participant. There are many ways a travel diary can be integrated for participant use.
Paper/pencil is the traditional mode, however in recent years digital interfacing has become
common. The accuracy of the information can be highly biased as participants efficacy in data
is subject to memory. There is no way for the researcher to know when the diary is filled in,
incrementally or at the end of the day, nor is there a way for the researcher to know if there was
any generalizing or rounding of the data (A. Prelipcean et al., 2018).
Another way would be integrating a GPS like device to either fully automate or semiautomate the information devices such as Georgia Tech Electric Travel Diary (A. C. Prelipcean
et al., 2018) or a software system like MEILI an open source license website that has annotated
trip capabilities (A. Prelipcean et al., 2018). MEILI is a smart phone app that combines GIS
technologies with a diary annotation so users can log in and users and researchers can analyze
their transportation/location information(A. Prelipcean et al., 2018). In the STOP project,
MEILI was used to automate 171 anonymous activity-based travel diaries and was deemed up
to 97% accurate for the volunteered 2142 trips logged (A. Prelipcean et al., 2018; A. C.
Prelipcean et al., 2018). This semiautomated web/app interface could compliment air pollution
studies to gain a more accurate understanding of activity-based pollution exposure (A. C.
Prelipcean et al., 2018). Regardless of the retrieval method, it is the fill in method that integrates
the most bias’.
A major drawback for this approach is the time investment (A. C. Prelipcean et al., 2018;
Safi, Assemi, Mesbah, & Ferreira, 2017). Regardless of the participant input technique the
burden of responsibility is placed on the participant and as such noncompliance with small trips
11

was high (A. Prelipcean et al., 2018; Safi et al., 2017). Researchers also found that participants
postponed data input estimating travel details and not reporting accurately (Bohte & Maat,
2009; Calabrese, Diao, Di Lorenzo, Ferreira, & Ratti, 2013; Nitsche et al., 2014; Safi et al.,
2017).
With the inclusion of current technology, travel logs can be beneficial however, the crux
of the issue is still the dependence of the participant on recalling information for every location.
Therefore, travel logs while beneficial to collect relevant information are dependent on the
participant to carry and log every location which can be time consuming. These travel logs
interviews still tend to only catch the most significant locations based on priority to the
participant, potentially without regard to standardization to define what is significant (Perchoux
et al., 2013; Safi et al., 2017). These methods obligate the participant and thus are dependent
on where the participant places the importance of the research leading to the inaccurate
reporting (Safi et al., 2017).

2.3 Interview Based Questionnaires
As a common way to gain access to participant travel logs in the past would have been
interview based questionnaires(Klepeis et al., 2001). These questionnaires collect individual
mobility information about the participant’s geospatial travel patterns in a retrospective
manner(Klepeis et al., 2001; A. C. Prelipcean et al., 2018; Wu et al., 2013). These interviews
are an effective way of gaining individualized mobility related data. Travel surveys, telephone
interviews, mail-back questionnaires, web based interviews, and personnel interviews can be a
popular modality to acquire the most frequently visited locations before widespread GPS
availability(Bohte & Maat, 2009; Klepeis et al., 2001; Nitsche et al., 2014; A. C. Prelipcean et
al., 2018). These interviews were quite useful as information about the microenvironment could
12

be assessed. Questions based on percentage of time indoors vs outdoors, time in travel, whether
a centralized air conditioning, and the types of appliances can all be useful information to better
assess exposure to air pollution (Beckx et al., 2009; Klepeis et al., 2001). The National Human
Activity Pattern Survey and other similar surveys quantified mobility information in a
searchable database for the direct use of researchers (Klepeis et al., 2001).
This method required participants to self-report micro locations, the amount of time
spent, the frequency of the visit and the general location based on their average daily activity
(Nitsche et al., 2014; A. C. Prelipcean et al., 2018). The information in the questionnaires could
be highly diversified based on the needs of the interviewer meaning the study could be tailored
for use in a variety of applications be it traffic or urban planning (Nitsche et al., 2014). This
information has proved very useful in gaining detailed information on locations and activities
of the individuals based on answering 150 questions (Klepeis et al., 2001). These studies were
able to quantify activity-based microenvironments to a certain degree as participants were
asked for duration spent in specific activities (Klepeis et al., 2001; Nitsche et al., 2014). This
significantly increased the resolution on human mobility by identifying the time spent in
individual meaningful activities (Beckx et al., 2009; Klepeis et al., 2001).
However, as has been mentioned previously memory recall is not reliable (Safi et al.,
2017). These interviews consume a significant amount of time for both the interviewer and the
individual participating in the study (Klepeis et al., 2001). Interviews can be conducted once
(Steinle et al., 2013) or more depending on the study (Klepeis et al., 2001). The national human
activity pattern survey contacted participants 13 times a year and took an average of thirty
minutes after a 14 day survey period with the assistance of a data log (Klepeis et al., 2001).
This is a significant amount of time for both the participant and the interviewer. Couple this
fact with the cost associated in creating these large scale studies significantly limits the
13

feasibility to government run census type studies (Klepeis et al., 2001; Nitsche et al., 2014; A.
C. Prelipcean et al., 2018). This data base can turn outdated quickly as a city’s population can
fluctuate drastically over a period of time (Nitsche et al., 2014).
In the end, methods that require an individual to recall geospatial data like travel logs
and interviews are inherently flawed due to the heavy reliance on retrospective recall and
population flux. To facilitate researcher’s collection in quality information automated
telephone interviews can support participants in the completion of data collection but doesn’t
lessen the burden on the participant (Klepeis et al., 2001; A. C. Prelipcean et al., 2018).

2.4 GPS Based Methods
With the rapid evolution of technology, commercially available global positioning
systems can refine and automate location based spatial resolution between 7 and 13 meters
(Abdi et al., 2014; Bohte & Maat, 2009; T. Kim et al., 2012; Merry & Bettinger, 2019; Phillips,
Hall, Esmen, Lynch, & Johnson, 2001; Wolf, 2000). But can GPS systems accurately assist in
the automation of gathering and storing location information for the purposes of generating a
time activity pattern for air quality assessment? In 2001, the Oklahoma Urban Air Toxics Study
used GPS trackers to track participants positions over the duration of the study (Phillips et al.,
2001). This study concluded that GPS sufficiently captured activity related to travel. It further
concluded that GPS devices can track locations not recorded in travel-based diaries with an
accuracy of 10 to 20 m (Phillips et al., 2001). GPS systems have only gotten better at refining
the resolution of their spatial locations (Abdi et al., 2014; Bohte & Maat, 2009; Phillips et al.,
2001; Wolf, 2000). The finer detailing the GPS can provide simplifies data entry to an
autonomous action and creates higher accuracy within the data set by eliminating participant
bias and exclusions (Bohte & Maat, 2009; Nethery et al., 2014; Wu et al., 2013). For this reason
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tracking approaches that require an individual to carry an external GPS device are naturally
more accurate than those without (Buonanno et al., 2014; Donaire-Gonzalez et al., 2016; Dons
et al., 2011; Safi et al., 2017) as they are not dependent on participant recall. The data collected
can then be quantified to assess and identify multiple microenvironments for accurate
geospatial assessment. GPS technology is a significant improvement compared with interview
or travel logs, as the information is readily quantifiable (Phillips et al., 2001; Wolf, 2000).
However, one of the inherent defects of the GPS-based approach are such that accuracy
can be influenced by external factors such as building interference, population density, or time
of day, even temperature fluctuations (Abdi et al., 2014; Merry & Bettinger, 2019; Nethery et
al., 2014; Phillips et al., 2001; Wolf, 2000). These errors can lead to flawed data sets and
generate bias. Additionally, the burden of responsibility is still placed on the participant to
remember and carry an additional device.

2.5 Cell Phone Data
All cell phones have some level of GPS technology and the accuracy of these GPS
devices is similar to a handheld GPS device (Donaire-Gonzalez et al., 2016). In more urban
environments, cell phones have been found to be slightly better when other people are present
(Demirbas et al., 2009; Donaire-Gonzalez et al., 2016; Nitsche et al., 2014; Zhao et al., 2016).
This is attributed to the addition of the Wi-Fi and the proximities to others (Donaire-Gonzalez
et al., 2016). Regardless, part of the information passed passively when connected to a shared
wireless network is location information (Marzano, Lizut, & Siguencia, 2019; M. Zhou, Xu,
Tian, Wu, & Shi, 2015). This information can be analyzed for the portrayal of an individual’s
geospatial movements. In 2008, a study was done to assess the usefulness of the GPS
technology in a cell phone to accurately assess adolescent activities to assess risk behavior
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(Wiehe et al., 2008). The conclusions of this and other research stated that utilization of the
GPS enabled cell phone to semi automate the information collected with a diary and concluded
the accurate information provided by the GPS cell phone device to within 10 meters (Merry &
Bettinger, 2019; Wiehe et al., 2008).
More recent studies that have looked at the accuracy of a cell phone have concluded
that cellphones have been getting more accurate and are comparable to commercially available
GPS devices (de Nazelle et al., 2013; Merry & Bettinger, 2019; A. C. Prelipcean et al., 2018).
therefore, it is prudent to look into utilizing the cell phone as a device with data available and
accurate for researchers (de Nazelle et al., 2013; Ruktanonchai et al., 2018). According to Pew
Research Center, 97% of adults own a cell phone (Center, 2021) and all of the cell phones in
the United States have some level of GPS technology.

2.5.1 Call Detail Records
Call detail records (CDR) is manner location information can be passively passed while
the provider is giving service (Becker et al., 2013; Kumar, Hanumanthappa, & Kumar, 2017;
McMillan, Glisson, & Bromby, 2013; Zhao et al., 2016). This data is collected from all cell
phones by a network service provider. This emerging mega data is used primarily for billing
purposes, but can also be used in court system, research, and other areas (Kumar et al., 2017;
McMillan et al., 2013; Yu et al., 2020; Zhao et al., 2016). Location data is compiled utilizing a
network of cell towers to identify an approximate location of a cell phone call, text, or internet
service and the time it started and stopped among various other information (Kumar et al., 2017;
Yu et al., 2020; Zhao et al., 2016). This information including cell phone identification is logged.
Networks can carry this information for a period, but each network is different in how long
they must keep records (Deville et al., 2014; Kumar et al., 2017; Zhao et al., 2016).
All cell phones must connect to a network to transfer cell events and thus the location
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can be determined for the user. The transfer of information when a user connects to a network
contains significant amounts of digital information other professions deem valuable for tapping
technologies, criminal investigations, transportation, mobility, and urban development (Becker
et al., 2013; Kumar et al., 2017; McMillan et al., 2013).
Yu et al., 2020 applied CDR data in quantifying the impact of daily mobility on errors
in air pollution exposure estimation and found almost a 1:1 relationship between CDR data and
home-based studies (Yu et al., 2020). This suggests that most cell event occurred at or close to
their home and within the same tower. Places like New Orleans where people rarely travel
outside of their neighborhood may not provide enough mobility information for the study to be
worthwhile (Chetty & Hendren, 2018; Yu et al., 2020).
The question then becomes is the location information sufficient to track air quality
across the range of the cell tower the call may have been routed through. And the answer is that
it would depend on the source and distribution of the pollutant in question (Korn & Whittemore,
1979; Spira-Cohen et al., 2011). This data would be available for the 100% of the adult
population that uses a cellular device, smart or otherwise and thus would be sufficient in
assessing the population level resolution with court order (Kumar et al., 2017; McMillan et al.,
2013). The data could be helpful in evaluating distribution among subpopulations such as
economic status and ethnic subgroups (Becker et al., 2013; Di et al., 2017). But, CDR mobility
study would be dependent on the subjects moving from their base tower (Becker et al., 2013;
Calabrese et al., 2013).
It is important to note that during peak periods of tower use, calls may be routed to
neighboring towers due to high traffic (Kumar et al., 2017; Zhao et al., 2016). This alleviates
and normalizes traffic across the network; however, it creates an imperfect data set as
researchers cannot identify which calls originated within their tower block and which were
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routed (Kumar et al., 2017; McMillan et al., 2013; Zhao et al., 2016). In addition to the routing
issue, CDR data contains significant personally identifiable information, which is not protected
under the law, however, is usually obtained via subpoena (Kumar et al., 2017; McMillan et al.,
2013).

2.5.2 Crowd Source Geolocation
Another manner in which location information can be passively passed would be
through Crowd-based data. Data is acquired and shared for the purposes of urban mobility
planning and analysis (Matthews & Yang, 2013). Users can either share data over a commonly
used app, like Waze or google maps or log into a shared wireless network (J. Kim & Kwan,
2019; Marzano et al., 2019; Mikkelsen, Madsen, & Schwefel, 2020; M. Zhou et al., 2015). The
data streams work as a virtual marker, the more users, the more coverage (J. Kim & Kwan,
2019; M. Zhou et al., 2015). This data is aided by Wi-Fi networks ability to have a coverage
area and generates a virtual field. The more users, the better the map, the better the map the
more accurate the tracking which in turn attracts more users as the signals are stronger and
more reliable (J. Kim & Kwan, 2019; Mikkelsen et al., 2020; M. Zhou et al., 2015). Crowdsourced information is how apps use real time data to generate real time navigation (J. Kim &
Kwan, 2019). Before crowd sourcing, prior travel patterns and historical data were used as a
predictive tool to generate the most likely route (Mikkelsen et al., 2020; M. Zhou et al., 2015).
By utilizing the volunteer data, e can see real time travel and generate efficient activity patterns
(Mikkelsen et al., 2020). This data could be applied to modeled air quality patterns where dense
populations would have a higher percentage of exposure (M. Zhou et al., 2015).
This system relies heavily on cellular devices to extend network reach (M. Zhou et al.,
2015). While this is very beneficial in population dense settings, like college lobbies and
campus libraries, it causes a disproportionate signal strength across the entire network and this
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can lead to holes and warping of location data (Mikkelsen et al., 2020; M. Zhou et al., 2015).
This can be alleviated by using neighboring WIFI’s, but there is still significant bias in the data
(Mikkelsen et al., 2020).
Crowd sourcing could be a great option for communities where municipal wireless
networks are available (Marzano et al., 2019; Mikkelsen et al., 2020). However, the uneven
distribution of network performance is unsteady and has a direct relationship with accuracy
when areas that are not heavily populated are entered.

2.5.3. Google Location Based Services
By 2002, the word google was ubiquitous with the information superhighway and in
2006 it made it into the Oxford English Dictionary (Oxford, 2006). Since Google’s inception
in 1998 Google has provided more than 200 services and supports forty thousand search queries
per second (Ruktanonchai et al., 2018). One of those services is Google Location History a
feature that provides a continual stream of location information used for targeting specific ads
(Yu et al., 2020). Google Location based Service is another passive data stream where data is
continuously amassed without the user’s knowledge in the background (Google, 2021;
Ruktanonchai et al., 2018; Yu et al., 2020). Meaning while the google linked device is on, but
the application is not in use. Google location-based service does not stream to a network but to
a viewable/editable database for every device for the account (Google, 2021). This database
then integrates apps to statistically analyze travel patterns and push content to the phone thus
tailoring a user’s experience (Google, 2021). Google location-based services are integrated into
such apps as Foursquare, Uber, GasBuddy and even Pokémon Go (Ruktanonchai et al., 2018).
Google can then tailers the users cell phone experience to reflect personal interests and ads
based on trends and popularity within the users same demographic (Google, 2021). This data
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can easily be accessed or edited in google timeline, and it can be retrieved for anyone with the
users’ credentials using Google Takeout (Google, 2021).
Google will also analyze that data by day (Google Location Semantics), organize it by
activity, and includes time stamped information based on location (Google, 2021). Google also
estimates transportation mode, confidence levels, parking location, location accuracy, postal
address, and duration of stay at each locale (Google, 2021; Yu et al., 2020).
There are many benefits to using Google Location based services. The Google location
information holds many promises to gain a better understanding of activity time patterns with
seamless integration into users lives (Ruktanonchai et al., 2018). As one account will gain data
from multiple devices and share information to create a wholistic view of a user’s activity
patterns (Google, 2021; Ruktanonchai et al., 2018). For example, a google assisted watch may
pick up an early morning run, or short trips to the coffee shop taken without a phone. Google
is by and large the mega conglomerate corporation loaded on every cell phone, including the
iPhone and android phones. In Yu et al., 2020, Google data was compared to GPS data to see
if Google maps location data could be used to gain a better understanding of human mobility
(Yu et al., 2020). It was found that Google Location based services were found to be effective
and accurate in tracking human mobility (Yu et al., 2020). They were able to record and
differentiate between different microenvironments and travel patterns with a 1.2% error (Yu et
al., 2020).
There are a few drawbacks. The service is easily turned off, and google location
information must be opted in (Google, 2021; Ruktanonchai et al., 2018). In Yu’s study, the
estimated availability of the information was around 61% (Yu et al., 2020). As a whole, using
Google Location services could be a great source of information with high performance to
show participants mobility with consent given.
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2.5.4. iPhone Significant Location
iPhones are the number one type of cell phone sold in the United States occupying 65%
of sales in the united states (Center, 2021). In addition to Google Location Information, iPhones
have their own location-based platform to tailor the user’s experience called the iPhone’s
Significant Location which is more difficult to turn off (Apple, 2021). The iPhone’s Significant
Location (iSL) is a feature that is automatically loaded and collecting data as soon as the phone
is turned on (Apple, 2021). If the device is turned on, significant locations are collected. Unlike
Google Location Services where users must opt in, users would have to manually opt out of
the service for the information to not be collected.
There are many key differences between the location services provided by Google and
iPhone. The first is the intentional consent. With Google the user must turn on the feature and
Apple starts with the feature on (Apple, 2021). A second key difference is the storage. Once
the feature is turned on, Google passively transmits and analyzes location information
regardless of privacy (Ruktanonchai et al., 2018). Google analyzes the location information in
easily accessible infographics (Google, 2021). Whereas iPhone takes significant locations, the
phone encrypts and stores the location information directly on the phone (Apple, 2021). A user
can manually access this information, but it is not accessible to the Apple company for
analyzing, instead companies broadcast via proximity and iPhones capture the data (Apple,
2021). The personalized ads that tailor a user’s experience is done by the phone searching for
trends and similarities from historical data and company broadcasting(Apple, 2021). In other
words, the more an iPhone frequents a location, the more tailored ads will be broadcast.
With such a significant part of the population owning an iPhone, the amount of data
that would be available is potentially higher. This data would be retrospectively available to
researchers to record a user’s mobility pattern.
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2.6. Summary and Conclusion
It is apparent that acute and chronic contact with air pollutants cause detrimental effects
to health therefore it is importance of correctly quantifying exposure risk. To properly quantify
exposure, it is therefore critical to assess where exposure is predominantly occurring.
Historically, epidemiological studies occurred through participants residence. These residencebased studies were successful in creating an understanding of exposure; however, they fail to
account for an individual’s time away from home. A normal working adult can might spend 40
hours per week at work, accounting for twenty five percent of their time. Therefore, it is easily
seen that residence-based studies quickly lose confidence as participants spend time away from
the residence.
Wearable devices are helpful in identifying pollutant exposure. These sensors are
carried around throughout the day creating a log of exposure. They are often used to identify
key pollutant exposures are the most straight forward and accurate way of quantifying exposure.
However, these sensors can get very explosive, very quickly. Not to mention the onus of
responsibility for charging and maintaining the sensors are on the participant and are ultimately
not feasible.
Travel based diaries are cost effective and can be used in tandem with other methods to
monitor location. These diaries can be paper pencil, or digital. Regardless, the integration of
diaries will still impede the participant and leads to noncompliance in the same way interviewbased questionnaires do. In the end, memory-based studies were not found to be reliable.
The integration of technology like handheld GPS and cell phones have led to new
methods of accurately generating a time activity log. As with all technology, there are pros and
cons to each method. Handheld GPS was accurate to within several meters, however, today 97%
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of people have a cell phone with an integrated GPS (Center, 2021) within the processor, thus
eliminating the need to carry an extra device.
All cell phones are integrated with some level of tracking. The simplest tracking is
through the call data record, a system of towers created by cell phone providers to assist with
billing. Although not exact, these towers can produce a generalized location. Crowd sourcing
is another method of generalizing the location. Instead of using a network of cell phone towers,
a shared Wi-Fi system is used. Both these methods are capable of giving a generalized location,
but not very accurate.
The integration of the Smart phone placed a GPS into our hands. These GPS devices have
the same location identification accuracy as a handheld device without the need to carry an
extra device. As google is the single most integrated app on every smart device. Google
location-based services have to be switched on including many of the iPhones on the market.
Apple iPhone’s Significant location services come loaded into the software and must be
manually switched off. In the US, the iPhone occupies 53% of the market, the data is
statistically more available than google (Center, 2021).
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CHAPTER THREE: THE POTENTIALS OF IPHONE SIGNIFICANT
DATA IN CHARACTERIZING INDIVIDUAL TIME-ACTIVITY
PATTERNS
3.1 Introduction
Past epidemiological studies have clearly linked air born pollutant exposure to a wide
range of adverse health impacts. Poor air quality has such deleterious implications as to cause
cancer and death. For this reason, it is imperative to accurately account pollution exposure risk.
To investigate the associations between ambient air pollution exposure and their deleterious
impacts, quantifying the exposure to the pollutant becomes critical.
Appropriately quantifying exposure has certain limitations and many uncertainties. One
major source of uncertainty accurately describing the spatial and temporal movement of an
individual, or accounting for individual time activity patterns (Dias & Tchepel, 2018; Guo et
al., 2020; Perchoux et al., 2013). Neglecting such time activity patterns introduce uncertainties
in the exposure estimation as ambient concentrations vary in concentration spatiotemporally.
These uncertainties will generate a bias in the analysis of exposure estimation all due to the
dynamic nature of human mobility.
Many methods have been used in past air pollution health studies to collect individual
time-activity data and attempt to investigate spatiotemporal movement impacts exposure risk
(de Nazelle et al., 2013; Deville et al., 2014; Korn & Whittemore, 1979; Nitsche et al., 2014;
A. C. Prelipcean et al., 2018; Yu et al., 2020). Although these methods have merit, they each
lack for something simple and leave the researchers with unintended bias. Travel based diary
systems and interview questionnaires are heavily dependent on subject’s full compliance.
These manual recordings often have a lack of compliance that lead to unintentional bias. Digital
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or automated location collection devices, such as GPS are often more burden for the participant
to remember and network-based location services are neither accurate nor reliable.
As technology advances and cell phones become universal across the globe, an accurate
representation of individual time activity patterns is available. Furthermore, location data
collection is already collected, stored, and analyzed by both applications and the operating
system (de Nazelle et al., 2013; Nitsche et al., 2014; Yu et al., 2020). In our previous study, we
showcased the potentials of Google’s location-based services in characterizing an individual’s
historical time-activity pattern (Yu et al., 2020). In this study, we will demonstrate another
promising yet largely overlooked source for historical time-activity data, the iPhone’s
Significant Location (iSL) data.
Apple Inc’s iPhone is a smartphone designed to run on the exclusive iOS operating
system and 52% of Americans prefer to android (OS). All iPhones are equipped with
Significant Locations services turned on (must be manually turned off). When enabled iOS will
continuously collect the user’s location data, compile all locations the user frequently visits and
stores them locally with start and stop times on the phone. The fact the locations are stored on
the phone is different from google location-based history where encrypted data goes back to
the company. The locations iPhone deems significant are frequently visited enough to become
microenvironments. Microenvironments are locations the subject visits from arrival to
departure and excludes travel.
In this exploratory study, iPhone Significant Location data collected from a single
individual and compared with GPS data to evaluate the ability of the iPhone’s Significant
Location in capturing: 1) all microenvironments the subject visited during the study period; 2)
the duration of the subject spent at each microenvironment; and 3) the impact of neglecting
time-activity pattern on the subject’s air pollution exposure estimates. To further the study, an
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online survey was conducted to explore the availability of iSL data among iPhone users in the
US, and the acceptability of using iSL data for academic research purposes.

3.2 Materials and Methods
As a proof-of-concept study, a single subject carried an iPhone 6s and a dedicated GPS
logger for a one-month time period between the 31st of July and 29th of August in 2018. The
QStarz’s BT-Q1000XT GPS Travel Recorder (Qstarz International Co., Ltd.) was used as a
baseline to standardize errors between this study and a Google Maps Location History study
completed previously. The GPS logger was configured to record GPS coordinates every 10
seconds, same as in the previous study. Due to an intermittent malfunction issue discovered
previously, the logger’s internal vibration sensor was disabled. There is a feature designed to
save battery life in which the logger will temporarily shut down after 10 minutes of nonvibrational activity and restart when vibration is detected again. The feature was disabled
during the Google Location History study due as it was counterproductive for the study. Before
the beginning of this study, the iPhone was factory reset to clear all previously stored significant
location data and Location services, Wi-Fi, and cellular data were enabled on the iPhone. To
capture a baseline scenario for data collection, the subject also carried a second smartphone for
daily use.
The subject conducted routine activities for the duration of the study. After completion
of data collection, screenshots were taken of all pages of the iSL data. As there are no tools to
extract raw iSL data (a privacy feature for Apple’s iPhone), manual identification of all
locations and time stamps were necessary. GPS logger data were retrieved using the QStarz
proprietary software (QTravl, version 1.49). Similarly, to the previous Google Location History
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study, data points identified as “drift” by the software were removed prior to subsequent data
analyses.
GPS data and iPhone Significant Location data were compared to evaluate the efficacy
in how iPhone captured and identified significant microenvironments. To estimate the length
of time the subject spent at each significant location a circle (diameter 600 meters) is drawn on
the center of the GPS identified significant location. If a 10 second interval GPS data point was
located within a circle, it can be assumed the subject stayed at the corresponding SL for the
entire 10-second period. The number of GPS data points in each circle is then quantified (in
minutes) as the amount of time the subject spent at that significant location, each visit to that
location is then considered an event. The 600-meter diameter circle eliminated the spatial errors
in the collected significant locations, i.e. distances between actual significant locations and
those recorded by the iPhone and GPS were found to be up to 300 m. It is important to note
this is the same level accuracy as the results from the previous study on the accuracy of android
(OS) Location data. Significant location data for the iPhone specifically lists the start and end
time for all events.
To evaluate the impact of neglecting time-activity pattern on the subject’s air pollution
exposure estimates Multiangle Implementation of Atmospheric Correction (MAIAC) Aerosol
Optical Depth (AOD) data (1 km resolution) during the corresponding study time period and
extracted AOD data based on GPS and iSL locations separately. The estimation of daily time
weighted AOD was completed separately for GPS data and iPhone Significant Location data.
This was completed by aggregating AOD data at all locations for the corresponding day using
the time the subject spent at different location as weight. For comparison purposes, AOD
estimates were normalized by setting the retrievals from the subject’s home location.
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To explore the availability of iSL data among iPhone users in the US, we conducted an
online survey on the Amazon Mechanical Turk platform. We restricted survey participants to
be iPhone users who lives in the US. Survey participants are asked to identify gender, age,
iPhone user and whether the significant Location Feature is enabled. They were also
encouraged to share any relevant comments towards if iPhone significant Location data is used
for academic research purposes. There was no actual location data collected during the survey
and took less than 3 minutes to complete. Participants were compensated a dollar for their time.
Graphical instructions were provided to help survey participants identify whether the
significant location feature is turned on. This survey was approved by the Institutional Review
Board at the University of Central Florida.

3.3 Results and Discussion
The subject visited 25 unique microenvironments located in 8 cities for the duration of
the one-month study. During this time the iPhone’s Significant Location captured and identified
16 of the 25 microenvironments. An example of the collected iPhone Significant Locations
appears in Figure 1. In Figure 1 the main history page gives the user an overview of the cities
visited or clusters of microenvironments. In increasing the resolution, the center data shows
the iSL microenvironments subject has visited the address they have labeled. The right of the
figure increases the resolution even more when a microenvironment is selected the subject can
visualize the general area the subject went, including the time and date stamps.
9 of the 25 microenvironments went undocumented and not accounted as being
significant. Among the 9 microenvironments not captured by iSL data, the subject made brief
visits to 4 of the microenvironments, which include gas station and pick-up/drop-off locations.
The subject visited an additional 4 restaurant microenvironments, as these were only visited
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once, iPhone did not identify these as significant. The last microenvironment not captured by
iSL is a grocery store, for which the subject did not bring the iPhone during the visit.

Figure 1. Example iSL data stored on the subject's iPhone. Left is cities visited or clusters of
microenvironments, middle is microenvironment identifications, right is the time and date data for the
microenvironment visited.

Although the subject’s iPhone’s Significant Location feature failed to capture 36% of
all microenvironments, the iPhone Significant Location feature captured the most important
microenvironments. These microenvironments accounted for where the subject spent the
majority of the time (Table 1). Over the 1-month duration the subject spent 93% of his time in
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these 16 microenvironments, and the mean error of iPhone significant Location data is only 72
minutes (or 10%).
Table 1: Time (in minutes) the subject spent at each of the 16 microenvironments as estimated
based on iSL data and GPS logger data.

Microenvironment
ID
1
2
3
4
5
6
7
8

GPS
(min)
28,297
109
306
46
72
17
120
54

iSL
(min)
28,536
112
314
49
79
25
235
64

Microenvironment
ID
9
10
11
12
13
14
15
16

GPS
(min)
161
10,567
114
61
101
71
108
49

iSL
(min)
166
9,876
123
65
106
78
123
20

iPhone’s Significant Location Feature performs well at the subject’s home and work
locations and captured the day-to-day variation of times the subject spent at the two major
microenvironments (Figure 2). The mean error is 0.8% at the home location, and 6.5% at work
location.

Figure 2. The estimated time (minutes) the subject stayed at work and home during the study
period, based on estimated GPS and iPhone Significant Location data
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There were 349 responses recieved from the Amazon Mechanical Turk survey, among
them 73% (n = 223) participants indicated that the significant location feature is turned on from
their iPhone. Among the 249 comments received, 48% (n = 140) participants indicated that
they are not concerned if their iSL data is used for academic research purposes, 22% (n = 65)
indicated that they are not willing to share their iSL data, and 2% (n = 6) requested more
information to make the decision. We note that 62% of the sample population (n = 218) were
male, and 57% (n = 199) were between 25-34 years old. As an exploratory study, we do not
anticipate the sample population to be representative of US population.
The estimated time weighted AOD using iPhone Significant Location was similar to
those estimates using reference GPS data (Figure 3). Based on reference GPS data, the subject’s
daily time weighted AOD varied between 0.95 to 1.12. Estimates using iPhones Significant
Location closely approximate those estimated using GPS data, with an average error of only
0.012%.
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Figure 3. Daily variations of time weighted AOD data, as estimated using iSL and GPS data.
Data was normalized to AOD retrieved at the subject’s home location
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Our results suggest that iPhone’s Significant Location data captured the most important
microenvironments where the subject spent most (>90%) of the time, as well as the daily
variations of time spent at different locations. Using iSL data, the subject’s daily time weighted
AOD, a surrogate for exposure to ambient PM, closely approximate those estimated using
reference GPS data. Limited evidence from the survey suggest iSL data could be available for
more than 70% of iPhone users, which may be translate to approximately 36% of US
population (assuming 52% iPhone ownership). Above results suggest that iSL data may has
great potentials for characterizing an individual’s historical time-activity pattern for not only
air pollution health studies, but also for other researches where time-activity pattern is
important.
However, there remain many obstacles before iPhone’s Significant Location can be
readily applied for characterizing individual time-activity patterns. The first obstacle is public
acceptability, particularly privacy concerns. The survey revealed only 48% of participants
indicated that they may be willing to share their data for academic research purposes. 22% of
participants indicated that they are not willing to share their data, and most commented
specifically on privacy concerns. It’s worth mentioning that some comments we received
contain strong languages, which highlighted the sensitivities of location data. Unfortunately,
studies on the public acceptability and legality of using location data for academic research
purposes remain scarce. Further studies are also needed to better understand what approaches
can be taken to alleviate privacy concern and how to better protect user privacy if iSL data is
collected for research purposes.
Another obstacle that prevents using iPhone’s Significant Location data is the difficulty
in data extraction. Users can view the collected data on their iPhone and download a PDF image.
As iPhone stores data on the device and are not uploaded to a centralized server as the Google
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Maps Location History and Apple also does not provide any program or app that can be used
to extract raw iPhone Significant Location data. Apple specifically made the significant
locations feature end to end encrypted so even Apple cannot access this data. It is designed to
provide the user with a personalized interface. It is, however, technically possible to match
iPhone Significant Location images (e.g.: Figure 1) with maps to automatically extract the
center of a significant location, though we are not aware of the existence of such software. It’s
worth mentioning that if a user performed a local backup using an outdated version of iTunes
(a software that can be used to manage iPhone), the local backup file may contain retrievable
location data. Apple also provides developer tools, such as the Significant-Change Location
Service, that enables background collection of iPhone Significant Location-like data
prospectively, but this must be done in advance and not retrospectively.
This study also has limitations. First, the iPhone’s significant Locations presented here are
collected from a single individual. However, there is little evidence to suggest that location
data from another individual and phone would not perform as well in capturing their timeactivity patterns. Second, the length of retrospective availability is still unclear as Apple does
not keep a specific amount of history. Finally, apple data does not collect insignificant locations.
The time spent in a pollutant dense area, like an airport or refueling station would be a onetime visit and not deemed significant. However, the concentration of pollutants in that
microenvironment would be very high.

3.4 Conclusion
In this study, we evaluated the capability of iPhone Significant Location data in
capturing time-activity patterns by comparing iPhone Significant Locations and a GPS data
logger that were carried in tandem for a one-month period. Results showed that the Significant
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Locations feature of an iPhone captured the most important microenvironments where the
subject spent most of the time (> 92%). Data from the iPhone also captured the daily variations
of time spent at different microenvironments. Using data provided by the iPhone Significant
Location, the subjects daily exposure to pseudo ambient PM pollution was able to be extracted
accurately based on the comparison data to the GPS logger. Furthermore, a considerable
fraction of the general population in the US may have iPhone Significant Location data
available on their iPhone. Although it is important to note, privacy remains a significant
concern if iPhone Significant Location data were to be collected and used for research purposes.
Overall, the results suggest iPhone Significant Location has great potentials in characterizing
an individual’s historical time-activity patterns, and further studies are needed to investigate its
utility.
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CHAPTER FOUR: SUMMARY AND CONCLUSION
The purpose of this study was to test the validity of using the Significant Locations data
feature in an iPhone to better characterize pollutant exposure. In this study, the subject carried
an iPhone and reference GPS logger in tandem for the duration of one month.
Over the course of the study, the Subject visited 25 locations, and the iPhone identified
16 of these 25 as significant and accounts for more than 92% of their time. Through AOD, it is
very possible to utilize this data for accurate representation of pollutant exposures. The survey
also revealed that a significant portion of the population may have iPhone Signification
Location available to be manually retrieved.
There are still limitations to overcome. Data retrieval remains difficult and perception
of privacy concerns from the public are circulating. However, iPhones remain a valid tool to
gain a better understanding of exposure.
It is clear the historic lack of quality time-activity pattern data for individuals exposed
to ambient pollutants is detrimental to our society. The health implications that exposure to
poor quality air is both acute and long reaching. However, with the advent of quality portable
handheld phones, it is now possible to track and quantify quality exposure estimates for the
bulk of time. With the prevalence of similar technology for the mass of the population, these
estimates are feasibly available for the majority of the population.
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APPENDIX A:
MICROENVIRONMENT DEFINITION

36

Microenvironment
A microenvironment is the immediate and small-scale environment that an individual
would interact in.
In this instance, the culmination of significant locations, or the places where an
individual would spend the majority of their time, would account for the summation of their
microenvironments.
This would include places like their residence, work location, places frequently visited,
hobby or sports locations.
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